Tornadoes cause great hardship and economic loss to US communities each year. The lack of quantitative information associated with real damage states of individual buildings results in inaccurate loss estimates and hampers effective decision making for mitigation, response and recovery. A near real-time tornado loss estimation tool is developed and tested as part of this work. The GIS-based damage assessment tool employs post-event point cloud data collected by terrestrial scanners and pre-event aerial images. The tool automatically calculates the percentage of roof and wall damage at the individual building scale, which is used as input to empirical or statistical loss estimation methods. An accuracy analysis through a set of controlled experiments indicated that for typical point cloud density (>25 points/m 2 ), the tool results in less than 10% error in detection of pre-and post-event roof/wall surfaces. The GIS-based tool was validated with datasets collected after the 2013 Moore, OK tornado and produced detailed percentage of damage for buildings, which was not provided by infield inceptions.
INTRODUCTION
Annually, approximately 1000 tornadoes hit United States and cause huge economic loss to the nation, which underline the need for proper management of resources for tornado mitigation, response, and recovery. Currently, the average loss due to tornadoes in United States is estimated to be $1 billion per year (Changnon, 2009) , and losses due to tornadoes are increasing every year. Based on an insurance study, tornado events causing total losses of $1 billion are becoming more frequent (Folger, 2011) . In 2011, over 1600 tornadoes occurred in the United States resulting in more than $25 billion in property damage (Prevatt et al., 2012) .
Accurate loss estimation in aftermath of tornadoes is important because decision makers in different organizations; such as federal and local governments, insurers, and tornado researchers, require loss information for important decisions about disaster assistance programs, costs and pay-outs, and for evaluation of mitigation policies (Meade and Abbott, 2003; Okuyama and Chang, 2004) . The government and insurers need to get accurate loss estimates as soon as possible to allocate and project funding resources needed for assistance programs and pay-outs. Trends and geographic patterns of losses are also used as a measure to evaluate the effectiveness of the past mitigation policies, engineering designs, and to determine future tornado research priorities (Rose, 2004; Downton and Pielke, 2005) .
Several studies demonstrated the inaccuracy of loss estimates after various natural disasters in the US (Downton and Pielke; 2005 , Irving, 2008 Erdik et al, 2011) . Comprehensive assessments of all damaged properties and refinement of inaccurate initial estimates are time intensive (Irving, 2008) . Time needed for accurate loss estimates and data reliably issues highlight an evident need for efficient damage data collection and rapid loss estimation methods.
Various limitations of field data collection and damage assessment lead to inaccurate loss estimates. Initial estimates for decision makers are prepared in the immediate aftermath of a disaster based on preliminary damage assessments and historical data related to the affected area. Forming inspection teams for damage assessment requires available funding and human resources. Resource limitations and access restrictions can hinder team arrival to damage sites. The shortage of time in preliminary assessments usually impedes comprehensive inspection of all damaged buildings. Therefore, comprehensive assessments are only performed on a limited number of sampled buildings, while for other buildings "windshield estimates" are often prepared by viewing damage from a car window (Downton and Pielke, 2005) . Surveys on limited number of buildings increases the data granularity and negatively impacts on accuracy of the loss estimates. Automated assessment allows for surveying all damaged buildings and also reduces the bias made by the engineering reconnaissance team.
Remote sensing is a solution to overcome limitations traditionally associated with the field data collection and damage assessment. Recently, airborne remote sensing technologies such as satellite and aerial imagery as well as airborne laser scanning have been implemented in aftermath of some recent disasters such as the hurricane Katrina (Dash et al., 2004; Eguchi et al., 2011; Li et al., 2008; Olsen et al., 2013; Ozisik & Kerle, 2004; Rehor, 2008; Womble et al., 2008) . Spatial data is rapidly collected from large damaged sites and then manually or automatically processed to analyze disaster damage, which is appropriate for broad damage assessment required in the early hours and days after disasters. However, data collected by airborne sensors has limitations associated with loss estimation. The low resolution of data in comparison with ground-based data collection hinders the detailed damage assessment. In addition, since airborne sensors only capture the tops of objects; therefore, the level of damage to building walls and cladding is not collected.
Terrestrial laser scanning technologies, including stationary or mobile scanners, have potential advantages compared to airborne scanning. Some studies have shown that such high point density is appropriate for structural deformation analysis and post-disaster damage assessment (Kashani et al., 2013; Olsen et al., 2010; Park et al., 2007) . In addition, terrestrial scanners are able to scan building walls and cladding that are not detectable in airborne collected scans.
This study formalizes and tests a novel approach for automatic tornado damage assessment and loss estimation employing post-event terrestrial laser scanning and pre-event aerial imagery. The automated damage assessment tool presented in this study includes custom Geographic Information System (GIS) models to overlay point datasets with image layers, automatically detect building component s, and calculate the percent of damage by comparing pre-and post-event geometry of roof and wall surfaces. Once damage of each individual building is quantified, the results can be used as input to empirical or statistical loss estimation methods (Vickery et al. 2006a and van de Lindt and Dao, 2011) .
AUTOMATED GIS-BASED DAMAGE ASSESSMENT TOOL
The inputs of the automated GIS-based damage assessment tool presented in this work are a post-event point cloud dataset and a pre-event aerial photograph. A point cloud dataset collected with a terrestrial laser scanner contains (x, y, z) coordinates of measured points, which is used to measure post-event geometry of buildings. An aerial photograph taken before the tornado is used to measure preevent geometry of buildings. Roof and wall damage percentages are calculated by comparing the pre-and post-area of roofs and length of walls.
Figure 1. Flow Diagram of the automated damage assessment tool
The damage assessment tool includes three custom GIS models that automatically detect building roof and wall surfaces and calculate percent of damage. These GIS models are programmed using ArcGIS Model Builder and made of a combination of ArcGIS tools available in ArcGIS 10.0 (ESRI). Figure 1 shows the sequence of the GIS models as well as inputs and outputs. The first model detects roofs in the point cloud and generates post-event roof polygons. The second model detects roofs in the aerial image and generates pre-event roof polygons. Finally, the third model detects walls in the point cloud and generates post-event wall polylines. As shown in Figure 1 , the results of each model are used as input for the subsequent model. These custom models are described in the following sections.
Post-event Roof Detection Model
Post-event roof detection model generates polygons representing the remaining portions of building roofs after damage. The top row of Figure 2 illustrates the analysis procedure of the post-event roof detection model. The input is the postevent point cloud data. First, the point cloud data is converted to a 2D raster dataset in which each cell saves the minimum Z value of the points within that cell. The minimum cell assignment allows for filtering trees and light poles from the datasets. Next, raster cells representing building roof surfaces are identified by a slope-based filtering analysis (Vosselman, 2000) . In the slope-based analysis, a window, as shown in the top row second column in Figure 2 , is slid on the raster dataset, and the slope of vectors connecting each raster cell to the other cells in the window is compared with a threshold value set larger than the surrounding ground surface slope. Therefore, roof cells are identified in the raster where the vector has a steeper slope than the threshold value set based on the surrounding ground surface slope and typical roof pitches in the area. In typical residential subdivisions a threshold slope of 30% results in good classification, since the ground slope and the street grade is often smaller than 30% while typical roof pitches are 4/12 -8/12 (larger than 30%). The minimum raster cell assignment in previous step may filter roof overhangs. Points located in area around the identified roof cells are checked, and if a roof overhang is detected, that area is added to the roof segment. The result is a binary raster classified into roof cells and none-roof cells as shown in the top row third column of Figure 2 . Finally, the detected roof raster cells are converted to a polygon in the last step.
Pre-event Roof Detection Model
Pre-event roof detection model generates polygons representing building roofs before damage. The second row of Figure 2 illustrates the analysis procedure of the pre-event roof detection model. The inputs are an aerial image showing buildings before damage and the post-event roof polygons generated in the previous GIS model. The set of pixels in the aerial image that overlapped the post-event roof polygon is used as a sample to determine Red, Green, and Blue (RGB) and intensity values of roof pixels. The model employs the GIS buffering tool to generate a polygon that is a 1.5 meter band around the post-event roof polygon as shown in the second column of the second row in Figure 2 . Pixels under the buffer are used as another set of training samples to establish a range of the RGB values for non-roof pixels. Since the remaining portions of damaged roofs are typically connected to an external wall, the new buffered polygon will overlap many non-roof pixels (ground surface) in the image. Using the RGB samples, the model identifies whether or not the image contains a roof pixel within a rectangular neighborhood as shown in the second row third column of Figure 2 . Then, the RGB samples are updated based on the new detected roof pixels, the rectangular neighborhood is enlarged, and the image classification procedure iterates until the roof polygon overlaps the entire area of the roof in the image. The output is the pre-event roof polygon.
Post-event Wall Detection Model
Post-event wall detection model generates polylines representing the remaining external walls after damage. The third row of Figure 2 illustrates the analysis procedure of the post-event wall detection model. The inputs are the postevent collected point cloud data and the pre-event roof polygons generated in the previous GIS model. First, the point cloud data is converted to a 2D raster dataset in which each cell saves the difference between the maximum and minimum Z values and the number of points within that cell. The outline of the pre-event roof polygon generated in the previous GIS model is used to isolate the probable locations of wall raster cells. Threshold values, set based on the fact that values of the raster cells along remaining walls are considerably higher than at other locations, are used to identify wall cells in the isolated area. Finally detected wall raster cells are converted to polylines as shown in the last row last column of Figure 2 . 
EXPERIMENTAL VALIDATION OF GIS MODELS
The performance of the GIS models was evaluated through a set of controlled experiments. These experiments were designed and conducted to determine how input-and algorithm-related factors such as the density of points in the input point cloud, the raster cell size in the GIS models, and the extent of damage of scanned buildings influence on the accuracy of results.
Synthetic point cloud datasets of a typical pitched roof building with controlled conditions such as point density and extent of damage were created and used in experiments. To prepare a point cloud dataset, first a solid 3D model of a building was created based on the footprint and dimensions extracted from the building aerial image. Then, the 3D model was divided into planar segments, and points were randomly added on the segment until the point density reached to desired values. Finally, the point cloud of the building was manually "damaged" by removing points on the building roof and walls. Figure 3 shows six sets of building point clouds prepared for experiments. Each point cloud represents a degree of damage (DoD) defined by the Enhanced Fujita scale (EF-scale) for one and two-family residences from a building with no damage shown in Figure 3 (a) to total destruction shown in Figure 3(f) . The analysis indicated that for typical point cloud densities greater than 25 points per square meter, a cell size value of 40 -50 cm results in an optimum performance of both the post-event roof detection model and the post-event wall detection model with errors lower than 10% and 5%, respectively. The analysis also indicated that the pre-event roof detection model results in roof polygons with errors lower than 5% for all buildings with different amounts of damage except for a building totally collapsed, which is shown in Figure 3 (f) and 4 (f). That extent of damage is when most of the roof and walls are collapses and only a few internal walls remain. The area of the post-event roof polygon in this was very small (0.1% of the original roof surface); therefore, the pre-event roof detection model only detected half of the pre-event roof in the aerial image as shown in Figure 4 (f).
CASE STUDY: DAMAGED BUILDINGS AFTER THE 2013 MOORE TORNADO
The developed GIS models were tested on an actual case study of a damaged residential area in the aftermath of the 2013 tornado that struck Moore, OK. The residential neighborhood was at Eastmoore Ct. located to the north of the centerline of the tornado path. Figure 5 (a) and (b) are the aerial photographs of the site taken before and after the tornado. The extent of damage increased from north to the south, which was closer to the center of the tornado path.
Point cloud data was collected with a Leica c10 scanner. Ten full 360 degree scans were collected from different locations in order to cover the entire site. Scans were then registered manually. The process of data collection in the field and point cloud registration took approximately one day. To reduce the data collection and registration time and achieve near-real time assessment, mobile scanners mounted on vehicles can be used. Mobile scanners collect point cloud data while driving down streets; therefore, mobile scanners eliminate the need for setting up the scanner in different locations. Also, the point cloud data collected by mobile devices are rapidly registered based on the scanning trajectory and locations.
The GIS models were run with the point cloud data along with the aerial image as inputs, and percents of roof and wall damage were calculated. Figure 5 (c) illustrates the polygons and polylines generated by the GIS models, while Table 1 presents the calculated percent of damage values. Building number 10, shown with hatch area in Figure 5 (c), had been cleaned up before the data collection. Therefore, the GIS models did not identify any roof or wall surfaces associated with building 10. A comparison between the model results in Figure 5 (c) and visual inspections by an assessment team indicates that the roofs and walls have been properly detected by the GIS models. Minor discrepancies were seen in a few areas of the generated postevent roof polygons and wall polylines. In a few buildings (e.g. building number 2), the roof sheathing is gone but the remaining roof rafters or debris were detected by the GIS tool as remaining intact roof surface. Also in a few areas (e.g. south wall of building number 9), gaps in the point cloud data due to the scanner occlusion were detected as wall damage. Overall, the error in results caused by these discrepancies is negligible. In addition, the model produced detailed percentage of damage for buildings, which was not provided by infield inceptions. 
CONCLUSION
This study developed a novel automated tool for tornado damage assessment through combining terrestrial laser scanning technology, geometrical computing, and GIS modeling. Laser scanning and automatic analysis of collected data reduce the time and human resources needed for post-tornado investigations. The developed damage assessment tool rapidly produces quantitative damage information at individual building scale, which can be used as input to empirical or statistical loss estimation methods. The contributions of this study are summarized in the following points:  This study introduced a new GIS-enabled building detection method.
Incorporation of post-event point cloud data and pre-event aerial images in the developed GIS models improved the building detection procedure and allows for the automatic calculation of the percent of roof and wall damage.  The result accuracy of the developed damage assessment tool was validated through controlled experiments. The analysis determined that for typical point cloud densities of greater than 25 points per square meter, a raster cell size within the range of 40 -50 cm results in less than 10% error in post-event roof and wall detection. The analysis also indicated that the pre-event roof detection model results in roof polygons with errors lower than 5% for buildings with different degrees of damage except for a building totally collapsed.  The performance of the developed damage assessment tool was validated through a case study on actual damage data collected after the 2013 Moore, OK tornado. A comparison between the results and visual inspections indelicate that the roof and wall damage have been properly detected by the developed tool. Gaps in point cloud data, and remaining rafters and debris on roofs may cause small errors in damage calculation. 
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